Abstract: With the popularization of smart grid application and the rapid development of big data technology, a large amount of user power consumption data is recorded and stored, making user power consumption behavior analysis the key content of demand side management. The user behavior state is identified by the variation of power amplitude of power load based on hidden Markov model. Users are mapped to potential feature space by means of price elasticity information regularization matrix decomposition. Further, K-means clustering algorithm is adopted to segment users. The strategy can improve the rationality of user power consumption behavior clustering, more effectively grasp the form of user power consumption load, reduce the peak load of power and balance power supply and demand, which is of great significance to the demand side management of smart grid.
INTRODUCTION
In recent years, China has been vigorously promoting intelligence with the construction of smart power girds. An intelligent power consumption network based on two-way data interaction and targeted at fine intelligent management is constructed. With the maturity of Internet technology, the rise of Internet of things technology and the rapid development of big data technology, a large amount of user power consumption data is recorded and stored, which drives the practice and theoretical research in new directions such as household user power consumption behavior analysis. Based on the analysis of user power consumption behavior, the intelligent management and control of the two-way interaction, information collection, information exchange, information processing and other links of power distribution can be realized. Intelligent optimization of users' power consumption behavior can improve the reliability of the power supply side, improve the quality of power supply, and maximize the benefits of both sides [1] . Because the power consumption network is directly oriented to users, the network architecture is complex and there are many business types, so it is difficult to analyze user behavior. How to deeply analyze user behavior, extract users' potential power consumption habits and trends has become a key concern in related fields. In the residential power network, there are various types of power equipment. Since different power equipment has different characteristics of power consumption, different load control methods should be adopted to enhance users' enthusiasm to participate in intelligent power consumption [2] . For users, reasonable and effective control of the use of household electrical equipment, can help users save power, improve the utilization rate of energy, intelligent power; For power grid enterprises, by analyzing users' power consumption behavior, recommending reasonable power consumption strategies to users according to the changing law of load curve and the information of power consumption, improving the economy of power grid side [3] . The traditional smart grid user behavior analysis model is mainly heuristic clustering algorithm. According to the experience, the behavior similarity measurement method of two users was defined in advance, and then the clustering method was used to cluster users based on the similarity measurement. Similarity calculation is applied to the power supply sequence vectors of users [4] . Common similarity measurement methods include Euclidean distance, cosine similarity or Pearson coefficient. Therefore, it is necessary to reasonably identify and classify users' electricity consumption behaviors [5] . For example, the k-means algorithm is combined with cloud computing, and the parallel quantum particle swarm optimization fuzzy c-means clustering algorithm based on cloud computing for power load curve clustering is adopted to realize the classification of typical electricity consumption behaviors of residents. The classification results are of high accuracy. In order to solve the problem of using the traditional Euclidean distance to measure the similarity between load forms, the user load form analysis method was used to cluster different users according to the cosine similarity of their typical load forms. Aiming at the massive and Household User Behavior Analysis based on Power Data LI Xin 1 , ZANG Chuanzhi 2, 3, * , QIN Xiaoning 4 dispersed power consumption data, a two-stage distributed clustering algorithm for the situation perception of power consumption of mass users is adopted, which can effectively monitor the power consumption behavior of users. In the intelligent power network, the electrical equipment owned by each household user is different, and people's behavior patterns are also different. On the basis of the above research, this paper adopts hidden Markov method to analyze the load consumption of electrical equipment, takes full account of the different equipment properties and different operation modes owned by different electrical equipment, establishes a high-precision identification model, and analyzes the electricity consumption behavior of household users. The effectiveness of the method is verified by simulation analysis.
USER BEHAVIOR RECOGNITION BASED ON HIDDEN MARKOV
The hidden Markov model is based on the extended Markov chain. Different from Markov chain, hidden Markov model contains more complex sequences in solving practical problems. The observed events and states are not completely corresponding, and the changes of states and observation sequences are all related by the transition probability matrix. The hidden Markov model is composed of two random processes, including the hidden state transition sequence. The corresponding state and time parameters are discrete Markov processes, which are changed by the state transition probability matrix. The other one is the observation value sequence composed of the output signals in the hidden state transition, which is described by the observation probability matrix. These two random change processes are interrelated and describe the inherent change characteristics of data together. Among them, the implicit state transition is a random process that cannot be directly observed, but can only be obtained through the output observation sequence of another random process, because the output signal is the data information displayed by the observation value. Hidden Markov model is widely used in time series modeling because of its simple and effective parameter estimation algorithm. In the Markov process, the current state is only related to the previous states (the current state in the first-order Markov process is only related to the previous state). Compared with Markov model, hidden Markov model has one more hidden state, which cannot be directly observed, but is generated by each state and its observation sequence with a certain probability. In other words, the observed value is the probability function corresponding to the state value. If the parameters of the whole hidden Markov model are known, the observation sequence is given, and the occurrence probability of observation sequence is estimated, the model with the best parameters is selected by comparing the probability of observation sequence. If the probability of recording a given observation sequence in each state is recorded, it is a way of exponential growth in practical application, which is difficult to achieve through normal calculation. Recursive computation is usually used to accumulate records of the results that have been generated to avoid a large number of possible calculations. In order to solve the problem of the corresponding user behavior state sequence, the parameters of the hidden Markov model and the given observation sequence were first determined. Then, the maximum possible occurrence state sequence of the corresponding observation sequence was found through the known parameters, so as to analyze the behavior state of household users. For a variety of power consumption behaviors, the factor hidden Markov model is formed by parallel expansion of multiple independent hidden Markov models, and the observed value is the joint function of all hidden state devices.
The three-layer model of factor hidden Markov model is shown in Figure 1 , each layer can represent a class of electrical behavior. The observed value is the joint expression function of three hidden states. For the parameter estimation of factor hidden Markov model, the maximum likelihood estimation algorithm is usually used. The corresponding observation value is associated with all the branch chain states, and the associated state can be described by the following formula, (1) where is the observation sequence, is the state sequence.
CLUSTERING STRATEGY FOR USER BEHAVIOR
The analysis of users' electricity consumption behavior is based on the clustering of electricity consumption behavior, and the accuracy of clustering is an important index to evaluate the analysis of electricity consumption behavior. The user's electricity use behavior is affected by the user's subjective consciousness and has great randomness and uncertainty. Power consumption data include typical data in statistical sense and atypical data with large randomness. How to divide typical data and atypical data of the same type of electricity consumption behavior into the same type is the main problem.
There is a large amount of data about users' electricity consumption behavior, and a variety of characteristics will affect the accuracy of clustering results. The user load curve can basically reflect the trend of user power consumption, and the typical and sub-typical curves are taken as samples to analyze user power consumption behavior. User typical and sub-typical load curves are extracted according to the correlation between user power consumption data. Due to the large difference in power consumption data of some users in each sampling period, the typical electricity consumption data obtained cannot accurately represent the electricity consumption data of this user, and there will be a large difference between typical and sub-typical data, affecting the accuracy of classification results. Some abnormal data can be effectively eliminated by setting appropriate thresholds. When selecting typical and subtypical load curves, it is necessary to ensure that typical and sub-typical user power consumption curves can represent users to a greater extent, and at the same time make the vast majority of users meet the threshold conditions. The user typical load curve selection strategy is as follows. Firstly, the electricity consumption data of each user in each sampling period is recorded and used as the basic data. For example, daily electricity consumption data of users in one week is continuously recorded as the basis of analysis. The correlation coefficient between daily electricity consumption data is calculated as follows, (2) where is the covariance of any two days' electricity consumption data and of the same user. and is the standard deviation of the two days' electricity consumption data and , respectively. After calculating the correlation coefficient between every two days, each user will get an symmetric matrix P ( is the number of sampling periods), sum each row of matrix A to get , and take it as the measurement value of whether this set of data is the typical l consumption data of this user. Set threshold : if , the data in the row where its maximum correlation coefficient is located will be taken as the typical data of the user; If , the group of data is considered not meeting the requirements. In order to ensure that the vast majority of users meet the threshold conditions and effectively eliminate abnormal data, the threshold is the observation value obtained by comparing the correlation coefficients of multiple family users. It can be seen from the electricity consumption data curve that, if the electricity consumption data curve of the user is relatively similar in each period, the selection of typical load curve represents that the user's electricity consumption behavior is more reasonable. If there is a big difference in the user's electricity consumption data curve at each period, it is impossible to find reasonable typical data to represent the user's electricity consumption behavior. The correlation coefficient D between the daily electricity consumption data of users and the typical data of users was calculated, and the data of the day with the highest correlation was selected. If the correlation coefficient between the data of that day and the typical electricity consumption curve was greater than the set threshold, the data of that day was taken as the sub-typical data of this group of users. In order to make the typical data and the subtypical data have a certain correlation and to some extent represent the user's electricity consumption behavior, the threshold is set as the observation value obtained by comparing multiple user data. Typical data and sub-typical data have a certain correlation and can represent the user's electricity consumption behavior to a certain extent. The accuracy of clustering can be judged according to whether the clustering results of typical data and sub-typical data are consistent. The principle of clustering optimization strategy is as follows: first, obtain the typical and sub-typical curves of a single user according to the correlation; then, find out the optimal feature set of load curve according to the feature optimization algorithm; normalize the feature values within the feature set; and perform k-means clustering on the normalized feature values. Calculate the accuracy of clustering. By changing the number of clusters, the evaluation indexes under different clustering Numbers were compared until the clustering stopped when the evaluation indexes reached the termination threshold.
USER BEHAVIOR SUBDIVISION MODEL
In order to better for the user segment, in this paper, based on the traditional nonnegative matrix decomposition into user information, price elasticity is put forward based on price elasticity information of regularization matrix decomposition residential user behavior analysis, its core idea is based on user electricity information matrix decomposition, excavate potential feature space, and on this basis the k-means clustering algorithm is adopted to user clustering.
Price elasticity information
Suppose each user has a configuration file. The configuration file includes the user's historical electricity consumption record and price elasticity information, in which the user's electricity consumption information is collected by the user's electricity meter at different times of the day. Define the set to represent the electricity consumption record set of users, where represents the electricity consumption set of the ith user. If the total number of days is set as day and time points are collected every day, then each user has characteristics. For electricity consumers, the relationship between the electricity consumption quantity and electricity price is mainly depend on the coefficients of price elasticity. The coefficient of elasticity in single period is denoted as follows (3) where q Δ and p Δ are the relative change of electricity quantity q and price p .
Regularization matrix decomposition of price elasticity information
The purpose of nonnegative matrix decomposition is to decompose a nonnegative matrix into two low-dimensional nonnegative matrices, which can be understood as characteristic representation matrix and coefficient matrix respectively. It is denoted as, (4) where, the matrix represents the original input, is the eigenmatrix, is the coefficient matrix, is the number of users, is the number of original features of users, is the dimension of potential features. In the study of smart power network user segmentation, in order to maintain the similarity of price elasticity information, equation 3 is rewritten as follows. (5) where, and respectively represent the original input and feature matrix of user , is the shared coefficient matrix, is the number of users. In order to realize the above matrix decomposition, the loss function describing the decomposition approximation is introduced as follows. (6) In order to avoid over-fitting decomposition, two regularization constraints were added to and respectively. (7) Generally speaking, users with similar price elasticity information have similar electricity consumption, so it is necessary to introduce similar price elasticity information between users into the constraint target. More precisely, similar users have similar coefficients in the new feature space. Based on the above factors, the optimization objective based on the regularization matrix decomposition of price elasticity information is obtained. (8) where is a prior parameter used to weigh the strength of price elasticity information on the non-negative matrix decomposition constraint. The larger the value is, the more important the proximity of price elasticity to the user's potential feature representation is.
Users are mapped to the potential eigenspace by the regularization matrix decomposition of price elasticity information. On this basis, k-means algorithm is adopted to cluster users on the potential feature space .
ALGORITHM ANALYSIS
In the process of analysis on household equipment utilization status, first home user behavior analysis to the unit, select user behavior state related electrical equipment, will have nothing to do with user behavior normally open equipment and continuous change don't consider, and for the family state of user behavior analysis, some relevance with weak electricity equipment directly. In this paper, data of nine kinds of devices were selected for analysis, among which two types of electrical devices with poor correlation with user behavior in household data were removed. The first category is high-power normally open devices, such as refrigerators. This kind of high-power normally open device has poor correlation with user behavior. This kind of equipment belongs to 24 small frequently open devices, and the automatic operation has a poor correlation with personal behavior. In the experiment, we can treat it as normally open devices selectively. The second category is low-power electrical equipment, such as electronic watches, low-power lamps and other lowpower electrical equipment. The power consumption of this kind of electrical equipment is small, has little correlation with the user's electricity consumption behavior, and the clock and other electrical equipment that is frequently turned on at 24 hours is not strongly correlated with the user, and the use of lamps and lanterns may appear in many rooms with bright lights, while the user is only active in one room, which is easy to produce analysis error. In addition, the startup of some high-power devices will cause signal fluctuation of low-power devices and affect the analysis error. So when analyzing user behavior, low-power electrical equipment is removed accordingly. Finally, nine kinds of electric equipment including oven, dishwasher, dryer, washroom, microwave oven, drying room, kitchen, electric lamp and washing machine were selected to analyze the user's behavior state of five kinds of electric power consumption modes: first, the change of kitchen power was used to analyze the user's cooking situation. The second kind, the power change of toilet is used at analysing using toilet circumstance. Third, electrical devices such as microwave ovens are activated to analyze the user's behavior when preparing for a meal. Fourth, the starting state of dishwasher and other electrical equipment is used to analyze the post-meal behavior of users. The fifth kind, the use circumstance such as the oven of the sitting room judges user is the behavior state of the sitting room. The number of iterations is controlled, and the error rate of the experiment is reduced to the minimum by controlling the number of iterations. When the number of iterations is low, the experiment fails to reach the fitting state with a high error rate, and increasing the number of iterations can reduce the error rate. However, when the number of iterations is increased, the amount of computation is increased, and the time cost of the experiment is increased accordingly. Therefore, when the error rate of iteration is low, the time cost can be saved at the same time. With the increase of iteration times, the error rate of user behavior recognition decreases gradually. When the number of iterations reaches 40, the recognition error rate does not exceed 20%, and when the number of iterations reaches 70, the error rate tends to be stable. The time consumed by different iteration times is different. By recording the experimental time, the more iterations, the more time consumed. In the process of user clustering, when the number of clusters is 6, the accuracy starts to decline and the validity starts to remain stable. Increasing the number of clusters is meaningless to obtain the optimal number of clusters, so the number of clusters 3-8 is selected for analysis. It can be seen from the accuracy curve that when clustering is carried out, the accuracy is relatively flat at the beginning and the accuracy is relatively high, but when a certain number of clustering is reached, the accuracy index will start to decline. When the clustering number is 3,4,5,6, the accuracy is relatively high, and the fluctuation is about 98%.When the clustering number is 7 and 8, the accuracy decreases obviously. Because when clustering, such as clustering 5 classes, two of them will be merged into one class, and users in this class still belong to the same class, and its accuracy will not decline. However, when the optimal clustering number is exceeded, users belonging to the same class will be classified into different classes, which will decrease the accuracy. As can be seen from the validity curve, with the increase of the number of clusters, the validity keeps increasing. When the number of clusters reaches 6,7,8, the validity curve tends to be stable, because when the number of clusters reaches the optimal, the data will be clustered again, and the similarity within the class will not fluctuate greatly.
CONCLUSION
In this paper, the user behavior state is identified by the variation of power amplitude of power load based on hidden Markov model. In order to better analyze the electricity consumption behavior of specific users, an analysis method of residential users' electricity consumption behavior based on the regularization matrix decomposition of price elasticity information is proposed and implemented, which makes users with similar price elasticity and electricity consumption behavior gather together. In order to solve the above optimization objectives, an iterative updating algorithm was designed. Users are mapped to potential feature space by means of price elasticity information regularization matrix decomposition. Further, K-means clustering algorithm is adopted to segment users. The strategy can improve the rationality of user power consumption behavior clustering, more effectively grasp the form of user power consumption load, reduce the peak load of power and balance power supply and demand, which is of great significance to the demand side management of smart grid. 
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